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Abstract 
 
Low correlations between asset returns increase the portfolio diversification benefits and 
for U.S. investors emerging market equities are one such class of assets. Several studies 
indicate that the correlations between asset returns are time-varying and using 
unconditional estimates of correlation in a portfolio optimization model can result in 
misallocation of assets. To overcome this problem we use multivariate GARCH models 
to estimate the time-varying correlations and use the same in portfolio optimization 
models. Ex-post return calculations show that unrestricted portfolios created with 
emerging stock indices and S&P 500 index outperform the S&P 500 index by itself. 
Since investors exhibit strong home bias in their portfolio choice, restricted optimization 
models are tested. Results indicate that if the total investment in emerging markets is 
restricted, a minimum investment of twenty percent in emerging markets is required to 
obtain significant diversification. With investments in each of the emerging market 
restricted to less that three percent, there was no significant diversification benefit. 
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1. Introduction 
 
In the mean-variance optimization model (Markowitz, 1952), an efficient set of 
portfolios is created by maximizing the expected return of the portfolio and minimizing 
its risk as measured by the standard deviation. Input variables in this model are the 
expected returns, standard deviations and correlations of expected returns of the assets in 
the portfolio. In conventional portfolio optimization models, unconditional estimates of 
standard deviations and correlations of past asset returns are used as inputs. One of the 
implicit assumptions in this method of efficient portfolio construction is that the 
variances and correlations are time-invariant during the holding period of the portfolio 
(Jobson and Korkie, 1981).  
 Despite its theoretical appeal, practitioners are generally cautious in applying 
mean variance optimization models to actual portfolios. Part of the reason for this 
reluctance may be due to potential problems that can arise due to use of unconditional 
variances and correlations as inputs. One such problem with the use of unconditional 
estimates in the model is that it gives higher weights for securities with large expected 
returns, low variances and negative correlations with other securities in the portfolio 
(Michaud, 1989). Other studies have indicated that the forecasted returns by the 
optimization model are highly sensitive to changes in the expected returns and 
correlations (Best and Grauer, 1991; Chopra and Ziemba, 1993). To alleviate these 
problems, different studies have suggested possible methods to reduce the sensitivity of 
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the mean-variance optimization model by reducing the sensitivity of the model to the 
input parameters such as variances and correlations.1  
Studies into the nature of variances and correlations of domestic asset returns 
have indicated that variances and correlations do change over time.2 Similar studies into 
the correlations of international asset returns by Makridakis and Wheelwright (1974) and 
Bennett and Kelleher (1988) find that those correlations are also unstable over time. Tests 
for constancy of correlations generally fall into two categories: testing unconditional 
correlations using multivariate theory and testing conditional correlations using 
multivariate GARCH models.3 Longin and Solnik (1995) reject the hypothesis of a 
constant conditional correlation structure by studying the shifts in global correlations 
from 1960 to 1990 by employing both tests.  
There is also a large body of empirical evidence suggesting that the correlations 
of international stock markets tend to increase conditional on large negatives, or “bear 
market” returns.4 Longin and Solnik (2001) use extreme value theory to show that the 
correlation of large negative returns is much larger than the correlation of positive 
returns. Goetzmann, Li and Rouwenhorst (2005) examine the correlation structure of the 
major world equity markets over 150 years. They find that international equity 
correlations vary considerably through time.   
If the variances and correlations are time-varying, then the next question is which 
is the best method of estimating these? The most popular method is to use a moving 
                                                 
1
 See Jorion (1986), Jorion (1991), Fletcher and Hiller (2001). 
2
 See King et al. (1994), Kaplanis (1988), Koch and Koch (1991), Forbes and Rigobon, 2002. 
3
 See Kaplanis (1988) for the first and Engle (2002), Tse (2000) for the second category. 
4
 See Erb et al (1994), Lin et al. (1994), Longin and Solnik (1995, 2001), Karolyi and Stulz (1996), 
Ramchand and Susmel (1998), De Santis et al. (2003), Forbes and Rigobon (2002), Boyer et al. (1999), 
Ang and Bekaert (2002), Bae et al. (2003), and Das and Uppal (2004), Butler and Joaquin (2002). 
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average specification in which the correlations are estimated using a moving window of 
time. The drawback of this method is that it gives equal weight to all the observations 
during that time period used in the moving average calculations. The other method of 
estimating the time varying correlations is to use multivariate GARCH models.  The first 
set of models of this genre is based on the Constant Correlation Coefficient model of 
Bollerslev (1990). But the assumption that the correlation coefficient is constant remains 
the main weakness of these models. The second set of GARCH models is based on the 
multivariate GARCH models introduced by Kroner and Ng (1998). Even though these 
multivariate GARCH models are appealing from a theoretical standpoint, 
computationally they suffer from the problem of estimating too many coefficients at the 
same time. Engle (2002) introduces a new class of multivariate GARCH models called 
“Dynamic Conditional Correlation Models (DCC),” which combines flexibility of the 
univariate models with the theoretical appeal of time-varying correlations.  
Despite the increased access to international capital markets, investors in many countries 
continue to hold equity portfolios largely dominated by domestic assets. Thomas et al. 
(2004) report that U.S. investors held only 14% of their equity portfolios in foreign stocks 
at a time where such stocks accounted for 54% of the world market capitalization at the 
end of 2003. French and Poterba (1991), Tesar and Werner (1992), and other authors 
report that portfolio compositions indicate strong home bias.5 A survey of fund managers 
by Lütje and Menkoff (2007) finds that the home bias is mainly related to strong risk 
aversion and wishful thinking among the fund managers. 
An extensive list of academic research documents the benefits of international 
diversification. Early studies such as Grubel (1968) and Levy and Sarnat (1970) find that 
                                                 
5
 See Pastor (2000), Ahearne and et al. (2004). 
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U.S. investors could have achieved better risk and return opportunities by investing part 
of their portfolios in foreign equity markets. A portfolio containing international stocks 
had only half the risk of a portfolio with only U.S. stocks (Solnik, 1995). De Santis and 
Gerard (1997), and Ang and Bekaert (2002) are some of the other studies that show the 
significant benefits of international diversification. 
Emerging market equities are another class of international assets that have 
attracted considerable attention in the past few years. Even though equity markets existed 
in emerging economies, until recently investing in them was difficult due to various 
restrictions. By the early 1990s many of the emerging countries opened up their equity 
markets to foreign investors. This process was further accelerated when many of these 
countries allowed their firms to cross-list their equities in the U.S. markets, mostly in the 
form of American Depositary Receipts (ADRs). This improvement in investing 
opportunities in turn has increased the interest in studying the diversification benefits 
from emerging equity markets. DeSantis (1994), Divecha et al. (1992), Harvey (1995), 
and other authors document substantial diversification benefits from investing in 
emerging equity markets.6  
Another factor that attracted investors to emerging markets is the increase in 
correlation and the consequent reduction in diversification benefits between equity 
markets of developed countries. Goetzmann, Li and Rouwenhorst (2005) find that in the 
last two decades, the investment opportunity set expanded dramatically at the same time 
correlations of the major markets has increased. As a result, the benefits to international 
diversification have recently been driven by the existence of emerging capital markets.  
                                                 
6
 See Bekaert and Urias (1996). 
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The primary motive diversification in to emerging markets has been to take advantage of 
the low correlation between stocks in different national markets.  
The major focus of this paper is to develop an empirical portfolio optimization 
model which allows the variances and correlations of asset returns to vary over time. 
Using an optimization model that places no restriction on the total amount that can be 
invested in emerging markets as whole and in each individual country index we estimate 
the diversification benefit to a U.S. investor. Since many investors exhibit a reluctance to 
invest more than a certain amount of their investments in emerging markets a restricted 
model with the maximum amount invested in emerging markets is tested. By gradually 
increasing the amount invested in emerging markets from one percent upwards the level 
at which the returns of the diversified portfolios are significantly higher than investing 
only in the domestic stocks. Similarly another set of efficient portfolios are created with 
restrictions on the maximum amount invested in each of the emerging markets. Again we 
gradually increase the investment restricted from one percent in each of the emerging 
markets and then test the level at which there is significantly higher return from these 
portfolios as compared to the domestic stocks only portfolio.   
The rest of the paper is organized as follows: Section 2 describes the empirical 
methodology, sources and details of data. Empirical results are discussed in section 3, and 
section 4 concludes the paper. 
 
2. Empirical Methodology and Data 
Return of a portfolio with N assets can be written as: 
   
−
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where Xi is the weight of the ith security in the portfolio and 
−
ir  is the expected return of 
that asset.  
The standard deviation of this portfolio can be expressed as: 
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where σi,j is the covariance between the two assets i and j. The standard method of 
optimization is to find a set of efficient set of portfolios, which will give the maximum 
return for a given level of risk.  
Mathematically, the optimization problem can be stated as follows: 
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Subject to the following constraint: 
  1
1
=∑
=
N
i
iX         (4) 
Portfolios can be created with or without short selling constraints. Considering the 
practical difficulty in short selling emerging market stocks, in this paper the portfolios are 
constructed with short selling constraints, which require the following additional 
constraint: 
  0 ≤  Xi < 1        (5) 
In the first set of portfolios, called the unrestricted portfolios, there is no limit on 
how much can be invested in each of the emerging markets as well as the maximum that 
can be invested in all the nineteen markets together. The only restriction in this model is 
the short selling constrained given in equation (5) 
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As mentioned earlier in this paper, portfolio managers in general are biased 
towards assets of their home country. This home bias can result in various types of 
restrictions on the proportion of investment allocated to foreign assets. In this paper the 
effect of such restrictions on diversification benefits are tested using the following 
investment constraints. 
In the first model with the maximum combined investment in all emerging 
markets together is restricted with the following additional constraint: 
∑
=
≤
19
1
2.0
j
jX         (6) 
where Xj is the investment in the jth emerging market. 
 In the second restricted model the maximum investment in each of the emerging 
market is restricted using the following constraint: 
  03.0≤jX  for j = 1 to 19      (7) 
Emerging market equity returns exhibit higher volatility than of developed 
markets and it is also observed that the correlations among the emerging markets and 
developed markets also exhibit considerable variations over time. To capture the time 
varying nature of variances and covariances, we use the Dynamic Conditional Correlation 
(DCC) model of Engle (2002). DCC has a two step procedure for estimating the 
conditional variances and correlations. It is assumed that the returns of the 20 assets used 
in constructing the portfolios in this paper are normally distributed with zero mean 
conditional on the information available at t-1.  
   ),0(~)(1 ttt HNrE −       (8) 
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where rt is the 20x1 vector of asset returns at time t and  Ht is the conditional covariance 
matrix expressed as: 
   tttt DRDH ≡        (9) 
where Ht is the 20x20 conditional covariance matrix, Rt is the conditional correlation 
matrix and Dt is a diagonal matrix with the time-varying standard deviations in the 
diagonal. In the first step the following univariate GARCH model is used to estimate the 
diagonal elements σit of Dt using the following GARCH(1,1) specification. 
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The conditional return of each of the assets is standardized by dividing it by its standard 
deviation obtained in the previous step. This gives the following standardized vector of 
returns: 
  ),0(~)(1 ttt RNE ε−         (11) 
Correlation between any two assets i and j can be written as: 
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Using a GARCH(1,1) specification, the covariance between the random variables can be 
written as: 
 
( ) ( )ijtijijtjtiijtij qq ρβρεεαρ −+−+= −−− 1,1,1,,     (13) 
The unconditional expectation of the cross product is ijρ , while for the variances it is 
ijρ  = 1 
The correlation estimator is: 
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This model will be mean reverting if 1<+ βα . The matrix version of this model can 
then be written as: 
  1
'
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where S is the unconditional correlation matrix of the disturbance terms and tjit qQ ,,= . 
The log likelihood for this estimator can be written as: 
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In the second stage of the estimation the above likelihood estimator is used in estimating 
the parameters of equation (10)7.   
The time period covered in this study is January 1996 to December 2004. For 
emerging markets, we use the Morgan Stanley Capital Market (MSCI) indices and the 
S&P 500 index is used as the proxy for the U.S. investor’s portfolio. One of the reasons 
for using the MSCI indices as proxies for the emerging market equities is that several of 
these indices are currently traded as Exchange Traded Funds (ETF) which allows even 
small investors to diversify into these equities. The weekly prices for the nineteen 
emerging market indices and the S&P 500 index are obtained from Bloomberg and the 
returns are calculated in U.S. dollar terms. In order to be eligible for inclusion in this 
study, each index must have continuous data available for the period from January 1996 
through December 2004.  
                                                 
7
 The statistical program RATS is used in actual estimations. 
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For the DCC estimators we use sets of five year rolling windows, but to capture 
the time-varying nature of variances and covariances, the end of the period values of the 
same was input into the portfolio optimization model. For example, using the DCC model 
one can estimate 260 variances and correlations for a period of five years. But for 
estimating the efficient set of portfolios, only the variances and correlations for the last 
week of the sample period is used.8 Following the standard industry practice of using past 
five years returns and its variances and correlations in portfolio optimization models, 
weekly averages for the five year period are used as the proxy for expected returns in the 
portfolio optimization model.9 
Using the above procedure, we are able to get the weights of the individual stocks 
in each of the efficient portfolios. Using these weights and the actual returns of each of 
the twenty indices for periods of one-month, three-months and six-months from the date 
when the efficient portfolio was created, ex-post returns of the efficient set of portfolios 
were calculated for each of the sixty months for which efficient sets were calculated. The 
ex-post performance of efficient set of portfolios with investment in emerging markets 
are then compared to that of the S&P 500 index using the following regression equation: 
  tjtjtj DummyR ,,, εβα ++=       (17) 
                                                 
8
 For example, for the time period from 1/3/00 to 12/27/04, the variances and correlations used were taken 
for the last week of the time period, which is 12/27/04. This way it is possible to capture the full extent of 
the time-varying nature of these variables as it existed at the time of construction of the portfolio. 
9
 The length of the time period is less significant in GARCH models since more weight is given to the most 
recent volatilities rather than the earlier ones. A sensitivity analysis of variations in estimated variance and 
correlations using three year, four year and five year windows does not show significant differences in 
point estimates of variances and correlations. 
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where Rj,t is the pooled returns of all eleven efficient portfolios for a period of sixty 
months and Dummyj,t is a dummy variable, which is 1 if the portfolio with emerging 
market indices included in it and 0 if it is estimated using the rolling method. If the 
regression coefficient β is significant, then it indicates that there is a difference in the ex-
post performance of the portfolios. The value of this variable is also the difference 
between the ex-post returns of portfolios. 
 
3. Results 
 The descriptive statistics of weekly returns of the twenty indices in this study are 
given in Table 1. Out of the nineteen emerging market indices, seven are from Latin 
America, seven from Asia, three from Europe and two from Middle East and Africa. 
Except for the five indices from Asia, all other indices have a positive average return. 
The negative returns for the Asian indices can be attributed to the financial crisis faced by 
these countries in the 1990s. All of the emerging market indices have higher standard 
deviation than the S&P 500 index, indicating the higher level of risk in investing in these 
countries. Fifteen out of the twenty indices have negative skewness, which is an 
indication that these markets have more negative shocks than positive shocks during the 
time period covered in this study. Excess Kurtosis and Jarque-Bera statistics indicate that 
none of these markets have returns that are normally distributed. 
 Summary statistics of average correlations of each of the emerging market indices 
with the S&P 500 index for the ten year period is given in Table 2. The results indicate 
interesting regional contrast in correlations. Israel index has the highest correlation with 
the U.S. index while Sri Lanka index has the lowest average correlation with the S&P500 
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index. Larger economies of Latin America have higher correlation with the U.S. while 
the smaller economies have lower correlations. Overall, Asian indices have lower 
correlation with the U.S. index. A complete correlation matrix is given in Table 2A and 
as expected, there is high correlation between regional markets, while the same is low 
with others. Average correlations of each of the four regions with that of S&P 500 index 
is plotted in Figure 1. Asian market correlations with S&P 500 index is consistently the 
lowest, followed by those of the Eastern European markets. Latin American correlations 
are comparatively higher with the U.S. index, with greater fluctuations during the five 
year period from 2000 to 2004. Combined average of correlations of Israel and South 
Africa with the S&P 500 index is the highest among all the four regions. This may be due 
to the higher level of cross listing of stocks from these countries in the U.S. equity 
markets. 
Summary statistics of ex-post returns of efficient portfolios that are created with 
emerging market indices and S&P 500 index, as well as S&P 500 index, are presented in 
Table 3. For each of the sixty months, one minimum variance portfolio and ten efficient 
portfolios are created and the ex-post returns of each of these portfolios are calculated for 
periods of one-month, three-months and six-months. Furthermore, these portfolios are 
divided into two groups based on the standard deviations of the efficient portfolios. For 
each month, the sample is divided into a set of low risk portfolios comprising minimum 
variance portfolio and five of the lowest variance portfolios and another set of high risk 
portfolios comprising five portfolios with the highest risk.   
 Average ex-post returns of the efficient set of portfolios with emerging market 
indices included clearly outperform the returns of S&P 500 index. As predicted by 
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theory, the set of low risk portfolios have lower returns and lower standard deviations, 
while the high risk portfolios have higher ex-post returns and standard deviations. One of 
the interesting results is the difference in ex-post returns, with one month having the 
highest return and six months with the lowest. This may be indirect evidence that the 
portfolios created with time varying correlations are efficient only for a short duration 
and the efficient frontier might have changed in the interim due to changes in the 
underlying correlations. 
The results of regressions using equation (17) are given in Table 4. Pooled ex-post 
returns of efficient portfolios are regressed against the dummy variable that has a value of 
one for those portfolios that contain emerging market indices. Three sets of regressions 
are made, one for the total sample, one for the low risk portfolios, and one for the high 
risk portfolios.  
The results indicate that the efficient portfolios created with emerging market indices 
clearly dominate the returns of S&P 500 index alone. This shows that the U.S. investors 
can achieve statistically significant higher returns by diversifying their portfolios to 
include emerging market stocks. Even though unrestricted optimization may look 
attractive, many investors are reluctant to diversify more than a certain percentage of 
their assets into emerging market equities. The summary statistics of weight of individual 
indices in unrestricted portfolios are given in Table 5. As evidenced in this table, the 
weights of an individual country index can vary from 0 to 1, which indicates that it is 
possible that a certain efficient portfolio will be all invested in one single emerging 
market equity. From a practical standpoint, this may not be acceptable to many portfolio 
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managers. To overcome this problem, we test the portfolio diversification benefits with 
restrictions on the maximum amount that can be invested in emerging markets. 
 We first create a set of efficient portfolios that have investment in emerging 
markets restricted to ten percent of the total investment. Ex-post returns of these 
portfolios are calculated as in the case of unrestricted portfolios and compared with the 
ex-post returns of S&P 500 index for periods of one, three and six months. Regression 
results comparing the two sets of portfolios are given in Table 6. Results indicate that if 
the diversification is done with only ten percent in emerging markets, there is no 
statistically significant improvement in those portfolios over the returns of the S&P 500 
index.  
 Since the investment restriction at ten percent in emerging markets does not 
produce a significant diversification benefit, we increase the maximum allowable 
investment in emerging markets to twenty percent of the total portfolio. As in the case of 
unrestricted portfolios, the ex-post returns of these portfolios are compared with the 
returns of S&P 500 index. The results are given in Table 7. Results show that there is 
some benefit of diversification, especially for the low risk portfolios. 
 To study the effect of maximum investment restriction in emerging markets, 
average weights of each of the twenty assets in the portfolio are calculated and reported 
in Table 8. Average investment in S&P 500 Index is 80.96%, indicating that the 
emerging market share in the portfolios is approximately the maximum allowed limit of 
twenty percent. When the portfolios are subdivided into low-risk and high risk-portfolios, 
the weight of emerging markets still is close to the maximum limit of twenty percent. 
What is interesting is that the investment within the emerging market changes with the 
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level of risk. Among all the portfolios, Czech index has the highest percentage of 3.06%, 
while both Argentina and Brazil are out of the mix. With low risk portfolios, Peru has the 
highest share of 3.43%, while Israel has the highest percentage of 4.30% among the high 
risk portfolios. 
 When the restriction on investment in emerging markets is two percent for each of 
the nineteen countries, there is no significant diversification benefit over the S&P 500 
Index.  It is found that an investment limit of three percent in each of the merging 
markets is required to realize significant diversification benefits. The results of OLS 
regression on pooled returns with investment in emerging markets restricted to the 
maximum of 3 percent in each of the countries is given in Table 9. These results indicate 
that the diversified portfolios have higher returns for both three and six month horizons. 
These results are consistent for both low and high risk portfolios. 
 The weights of individual assets with maximum investment in each of the 
emerging markets limited to 3 percent are given in Table 10. Since there are nineteen 
emerging markets, the maximum possible investment in all of them together is 57 
percent, which leaves a potential investment of only 43 percent in S&P 500 Index. But 
the results indicate that for all the portfolios, the average weight of S&P 500 index was 
61.74 percent. Interestingly enough there is investment in all the nineteen markets, but 
there are times when the investment is zero in any one of them. This in turn keeps the 
investment in S&P 500 Index higher than the potential low of 43 percent. 
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4. Conclusions 
 
In this paper we attempt to estimate the diversification benefits that can arise to a 
U.S. investor by diversifying into emerging markets. Over the past several years, many of 
the emerging market economies have gone through several upheavals, which had 
significant impact on its equity markets. The low level of correlation between the 
emerging equity markets and the U.S. equities offers both opportunities and challenges to 
the U.S. investors. Relatively high returns and low correlations offer better diversification 
benefits, while the high variability in the emerging market equity returns requires better 
econometric models to capture the time-varying nature of the variances and correlations. 
The use of the DCC model in estimating correlations has shown to improve the portfolio 
optimization model. Unrestricted diversification into emerging equity markets offer the 
greatest diversification, but even with restricted diversification, there is some benefit.
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Table 1 
 
Descriptive Statistics of Weekly Returns from 1/9/95 to 12/27/04 
 
Name Mean Std. dev. Skewness Kurtosis Jarque- 
Bera 
Argentina 0.000082 0.053536 -0.179962 2.930136 189.1934 
Brazil 0.000814 0.055872 -0.940077 4.924036 603.0815 
Chile 0.000069 0.031103 -0.181981 3.081902 209.0640 
Columbia 0.000778 0.042099 0.079696 4.044092 355.5843 
Mexico 0.001859 0.046191 -0.609070 3.858733 355.4454 
Peru 0.001264 0.036506 -0.193074 3.630988 289.4411 
Venezuela 0.000938 0.067299 -2.391792 27.872185 17361.0518 
India 0.000551 0.040058 -0.220237 1.296609 40.7077 
Indonesia -0.001360 0.072227 -0.629979 6.388630 920.4786 
Philippines -0.002809 0.045312 0.045774 4.393661 419.2451 
South Korea 0.000207 0.057999 -0.643377 5.111673 603.1645 
Sri Lanka -0.000910 0.044154 0.245534 3.984655 349.9083 
Taiwan -0.000699 0.042088 -0.045971 0.889331 17.3528 
Thailand -0.002292 0.058182 0.247813 1.550438 57.5162 
Czech 
Republic 
0.002061 0.036278 -0.244786 0.888183 22.3281 
Poland 0.001199 0.044671 0.077273 0.801598 14.4674 
Russia 0.002962 0.082937 0.046448 2.455761 131.1051 
Israel 0.001535 0.036669 -0.275887 1.717239 70.6251 
South Africa 0.000645 0.033926 -0.903690 2.907456 254.4200 
S&P 500 0.001859 0.023640 -0.128632 1.574898 55.2799 
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Table 2 
 
Average Return Correlations between Weekly Returns of Country Indices and S&P 
500 Index: From 1/4/95 to 12/29/04 
 
Name Mean Std. Dev. Minimum Maximum 
Argentina 0.33019 0.06665 0.13037 0.54527 
Brazil 0.40235 0.00534 0.34806 0.42068 
Chile 0.39101 0.04096 0.23281 0.98417 
Columbia 0.14262 0.07010 -0.98912 0.38939 
Mexico 0.48238 0.09092 0.15095 0.72144 
Peru 0.17341 0.05943 -0.01578 0.34908 
Venezuela 0.23263 0.05917 0.14182 0.40440 
India 0.12474 0.07731 -0.65434 0.45822 
Indonesia 0.10850 0.05807 -0.16130 0.85365 
Philippines 0.17988 0.03920 -0.04369 0.37835 
South Korea 0.33444 0.02425 0.21734 0.46451 
Sri Lanka 0.01373 0.06349 -0.29585 0.51051 
Taiwan 0.31740 0.03325 0.08089 0.51799 
Thailand 0.22906 0.02873 0.14779 0.27958 
Czech Republic 0.20868 0.08153 -0.13659 0.60286 
Poland 0.34545 0.07209 0.00144 0.69638 
Russia 0.23757 0.01099 0.17530 0.29473 
Israel 0.53356 0.06570 0.19643 0.73847 
South Africa 0.38016 0.01692 0.24980 0.49604 
 
Table 2 A 
 
Average Correlations between the Emerging Market Equity Returns and S&P 500 Index 
From 1/4/95 to 12/29/04 
 
Panel A: Latin America 
Country Argentina 
 
Brazil Chile Columbia Mexico Peru Venezuela 
Argentina        
Brazil 0.537       
Chile 0.449 0.542      
Columbia 0.160 0.214 0.255     
Mexico 0.177 0.222 0.195 0.171    
Peru 0.095 0.161 0.177 0.031 0.408   
Venezuela 0.159 0.169 0.201 0.178 0.200 0.133  
India 0.273 0.318 0.300 0.159 0.164 0.169 0.083 
Indonesia 0.556 0.624 0.519 0.164 0.145 0.197 0.143 
Philippines 0.344 0.425 0.399 0.224 0.218 0.205 0.106 
South Korea 0.203 0.208 0.208 0.150 0.275 0.172 0.114 
Sri Lanka 0.144 0.291 0.254 0.134 0.009 0.011 0.053 
Taiwan 0.302 0.323 0.300 0.149 0.232 0.159 0.114 
Thailand 0.316 0.400 0.375 0.186 0.257 0.202 0.160 
Czech Republic 0.191 0.269 0.258 0.128 0.228 0.144 0.142 
Poland 0.064 0.041 0.041 0.080 0.269 0.147 0.128 
Russia 0.174 0.230 0.251 0.131 0.332 0.273 0.096 
Israel 0.236 0.218 0.255 0.142 0.368 0.249 0.193 
South Africa 0.154 0.182 0.186 0.111 0.381 0.384 0.146 
S&P 500 Index 0.330 0.402 0.391 0.143 0.482 0.173 0.233 
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Panel B: Asia 
Country India 
 
Indonesia Philippines South  
Korea 
Sri Lanka Taiwan Thailand 
India        
Indonesia 0.092       
Philippines 0.153 0.465      
South Korea 0.242 0.198 0.247     
Sri Lanka 0.079 0.017 0.034 0.082    
Taiwan 0.250 0.217 0.256 0.360 0.102   
Thailand 0.229 0.439 0.475 0.367 0.080 0.391  
Czech Republic 0.111 0.195 0.194 0.263 0.016 0.199 0.324 
Poland 0.217 0.129 0.231 0.271 0.095 0.072 0.155 
Russia 0.156 0.208 0.131 0.199 0.072 0.232 0.233 
Israel 0.216 0.083 0.144 0.289 0.103 0.250 0.232 
South Africa 0.224 0.165 0.228 0.332 0.095 0.096 0.267 
S&P 500 Index 0.125 0.109 0.180 0.334 0.014 0.238 0.295 
 
 
Panel C: Europe, Middle East and Africa 
Country Czech 
Republic 
Poland Russia Israel South Africa 
Czech Republic      
Poland 0.207     
Russia 0.244 0.393    
Israel 0.250 0.251 0.281   
South Africa 0.156 0.166 0.328 0.330  
S&P 500 Index 0.342 0.291 0.412 0.534 0.380 
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Table 3 
 
Descriptive Statistics of Ex-post Returns of Unrestricted Portfolios 
 
Name Mean Std. dev. Skewness Kurtosis 
(excess) 
Jarque- 
Bera 
All efficient portfolios 
One month 0.002935 0.015077 -0.170499 1.386947 56.097263 
Three months 0.001901 0.008655 -0.103844 0.136835 1.701110 
Six months 0.001793 0.006249 0.258861 -0.554346 15.821713 
Low risk efficient portfolios 
One month 0.002435 0.012458 -0.380648 -0.106883 8.864917 
Three months 0.001922 0.007512 0.036058 -0.810354 9.928110 
Six months 0.001914 0.006063 0.273143 -0.533190 8.740808 
High risk efficient portfolios 
One month 0.003535 0.017721 -0.125021 1.238892 19.967181 
Three months 0.001875 0.009867 -0.170876 0.228001 2.109738 
Six months 0.001649 0.006473 0.253736 -0.582849 7.465511 
S&P 500 Index 
One month -0.000647 0.012193 -0.543685 0.360447 36.088157 
Three months -0.000384 0.006058 -0.737514 0.631982 70.815564 
Six months -0.000401 0.004001 -0.286407 -0.344531 12.287478 
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Table 4 
 
OLS Regression Output for Ex-post Returns against Efficient Portfolio Dummy 
 
 α 
(t-stat) 
β 
(t-stat) 
Adj. R2 
(F-stat) 
Obs. 
All portfolios 
One month -0.00064 
(1.21238) 
0.00358 
(4.74580) * 
0.016055 
(22.5226) * 
1320 
Three months -0.00038 
(1.31890) 
0.00228 
(5.55414) * 
0.022129 
(30.8485) * 
1320 
Six months -0.00040 
(1.96532) ** 
0.00219 
(7.59882) * 
0.041245 
(57.7421) * 
1320 
Low risk portfolios 
One month -0.00064 
(0.99570) 
0.00308 
(3.35359) * 
0.014051 
(11.2466) * 
720 
Three months -0.00038 
(1.06609) 
0.00230 
(4.53164) * 
0.026452 
(20.5357) * 
720 
 
Six months -0.00040 
(1.48244) 
0.00231 
(6.04661) * 
0.047129 
(36.5615) * 
720 
High risk portfolios 
One month -0.00064 
(0.73662) 
0.00418 
(3.36645) * 
0.016958 
(11.3330) * 
600 
Three months -0.00038 
(0.81116) 
0.00225 
(3.37752) * 
0.017078 
(11.4076) * 
600 
Six months -0.00040 
(1.29170) 
0.00205 
(4.66510) * 
0.033502 
(21.7632) * 
600 
*     Significant at 1% 
** 
  Significant at 5% 
***
 Significant at 10% 
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Table 5 
Weights of Individual Indices in Unrestricted Portfolios 
All portfolios Minimum variance 
portfolio 
Low risk portfolios High risk portfolios  
Mean Std. 
dev. 
Min.- 
Max. 
Mean Std. 
dev. 
Min.- 
Max. 
Mean Std. 
dev. 
Min.- 
Max. 
Mean Std. 
dev. 
Min.- 
Max. 
Argentina 0.0017 0.0103 0-0.20 0.0082 0.0257 0-0.20 0.0018 0.0096 0-0.14 0.0017 0.0019 0-0.20 
Brazil 0.0001 0.0013 0-0.03 0.0004 0.0033 0-0.03 0.0001 0.0012 0-0.02 0.0001 0.0000 0-0.00 
Chile 0.0279 0.0404 0-0.19 0.0803 0.0387 0-0.19 0.0437 0.0418 0-0.18 0.0279 0.0076 0-0.07 
Columbia 
0.0463 0.1072 0-0.83 0.0790 0.1197 0.01-
0.76 
0.0541 0.1071 0-0.83 0.0463 0.1027 0-0.54 
Czech 0.1248 0.1424 0-1.00 0.0749 0.0283 0-0.14 0.1206 0.0770 0-0.47 0.1248 0.1946 0-1.00 
India 
0.0484 0.0449 0-0.25 0.0761 0.0369 0.01-
0.22 
0.0699 0.0412 0-0.25 0.0484 0.0336 0-0.12 
Indonesia 0.0068 0.2071 0-0.31 0.0111 0.0369 0-0.28 0.0099 0.0332 0-0.31 0.0068 0.1050 0-0.10 
Israel 0.0390 0.0529 0-0.39 0.0325 0.0240 0-0.09 0.0437 0.0412 0-0.16 0.0390 0.0656 0-0.39 
Mexico 0.0380 0.1179 0-1.00 0.0114 0.0272 0-0.17 0.0278 0.0354 0-0.18 0.0380 0.1696 0-1.00 
Peru 0.0822 0.1039 0-0.89 0.1171 0.0685 0-0.36 0.1220 0.1165 0-0.87 0.0822 0.0727 0-0.40 
Philippines 0.0062 0.0214 0-0.25 0.0409 0.0438 0-0.25 0.0055 0.0187 0-0.20 0.0062 0.0000 0-0.00 
Poland 0.0045 0.0170 0-0.16 0.0131 0.0263 0-0.16 0.0063 0.0207 0-0.15 0.0045 0.0066 0-0.06 
Russia 0.1045 0.2435 0-1.00 0.0002 0.0010 0-0.01 0.0210 0.0534 0-0.35 0.1045 0.3281 0-1.00 
South 
Africa 
0.0140 0.0278 0-0.25 0.0393 0.0311 0-0.21 0.0225 0.0334 0-0.25 0.0140 0.0037 0-0.05 
South 
Korea 
0.0703 0.1888 0-1.00 0.0010 0.0051 0-0.04 0.0244 0.0561 0-0.37 0.0703 0.2622 0-1.00 
Sri Lanka 0.0450 0.0508 0-0.22 0.1007 0.0336 0-0.17 0.0684 0.0454 0-0.22 0.0450 0.0322 0-0.22 
Taiwan 0.0256 0.0591 0-0.44 0.0492 0.0727 0-0.40 0.0376 0.0718 0-0.44 0.0256 0.0311 0-0.28 
Thailand 0.0041 0.0317 0-0.73 0.0152 0.0948 0-0.73 0.0031 0.0117 0-0.10 0.0041 0.0166 0-0.13 
Venezuela 0.0089 0.0160 0-0.10 0.0174 0.0152 0-0.06 0.0115 0.0176 0-0.10 0.0089 0.0131 0-0.10 
S&P 500 0.3016 0.2698 0-1.00 0.2321 0.0940 0-0.46 0.2562 0.2005 0-0.68 0.2774 0.3417 0-1.00 
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Table 6 
 
OLS Regression Output for Ex-post Returns against Efficient Portfolio Dummy 
with 90% Investment in S&P 500 Index 
 
 α 
(t-stat) 
β 
(t-stat) 
Adj. R2 
(F-stat) 
Obs. 
All portfolios 
One month -0.00064 
(1.48246) 
0.00050 
(0.82067) 
-0.000248 
(0.6735) 
1320 
Three months -0.00038 
(1.71079)*** 
-0.00019 
(0.62511) 
-0.000462 
(0.3908) 
1320 
Six months -0.00040 
(2.72159)* 
-0.00027 
(1.29568) 
0.000514 
(1.6788) 
1320 
Low risk portfolios 
One month -0.00064 
(1.09567) 
0.00060 
(0.72120) 
-0.000668 
(0.5201) 
720 
Three months -0.00038 
(1.26486) 
-0.00014 
(0.34423) 
-0.001228 
(0.1185) 
720 
 
Six months -0.00040 
(1.99509)* 
-0.00017 
(-0.60930) 
-0.000875 
(0.3712) 
720 
High risk portfolios 
One month -0.00064 
(0.99699) 
0.00039 
(0.42672) 
-0.001367 
( 0.1821) 
600 
Three months -0.00038 
(1.15007) 
-0.00025 
(0.54891) 
-0.001168 
(0.3013) 
600 
Six months -0.00040 
(1.84934)*** 
-0.00038 
(1.25919) 
0.000977 
(1.5856) 
600 
*     Significant at 1% 
** 
  Significant at 5% 
***
 Significant at 10% 
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Table 7 
 
OLS Regression Output for Ex-post Returns against Efficient Portfolio Dummy 
with 80% Investment in S&P 500 Index 
 
 α 
(t-stat) 
β 
(t-stat) 
Adj. R2 
(F-stat) 
Obs. 
All portfolios 
One month -0.00064 
(1.38786) 
0.00111 
(1.68837)*** 
0.001401 
(2.8506)*** 
1320 
Three months -0.00038 
(1.61800) 
0.00058 
(1.74684)*** 
0.001553 
(3.0514)*** 
1320 
Six months -0.00040 
(2.50284)** 
0.00049 
(2.19514)** 
0.002887 
(4.8186)** 
1320 
Low risk portfolios 
One month -0.00064 
(1.04203) 
0.00089 
(1.01755) 
0.000049 
(1.0354) 
720 
Three months -0.00038 
(1.20574) 
0.00058 
(1.30376) 
0.000972 
(1.6998) 
720 
 
Six months 0.00040 
(1.84872)*** 
0.00054 
(1.76473)*** 
0.002932 
(3.1143)*** 
720 
High risk portfolios 
One month -0.00064 
(0.91672) 
0.00137 
(1.37926) 
0.001504 
(1.9024) 
600 
Three months -0.00038 
(1.07763) 
0.00058 
(1.16128) 
0.000582 
(1.3486) 
600 
Six months -0.00040 
(1.68445)*** 
0.00044 
(1.32069) 
0.001241 
(1.7442) 
600 
*     Significant at 1% 
** 
  Significant at 5% 
***
 Significant at 10% 
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Table 8 
Weights of Individual Indices in Portfolios with Maximum 20 Percent Investment in Emerging Markets 
All portfolios Minimum variance 
portfolio 
Low risk portfolios High risk portfolios  
Mean Std. 
dev. 
Min.- 
Max. 
Mean Std. 
dev. 
Min.- 
Max. 
Mean Std. 
dev. 
Min.- 
Max. 
Mean Std. 
dev. 
Min.- 
Max. 
Argentina 0.0000 0.0005 0-0.01 0.0003 0.0016 0-0.01 0.0000 0.0000 0-0.00 0.0000 0.0000 0-0.00 
Brazil 0.0000 0.0000 0-0.00 0.0000 0.0000 0-0.00 0.0000 0.0000 0-0.00 0.0000 0.0000 0-0.00 
Chile 0.0004 0.0026 0-0.03 0.0006 0.0026 0-0.02 0.0006 0.0034 0-0.03 0.0000 0.0007 0-0.01 
Columbia 0.0099 0.0254 0-0.20 0.0244 0.0359 0-0.20 0.0138 0.0293 0-0.14 0.0009 0.0060 0-0.07 
Czech 0.0306 0.0355 0-0.19 0.0178 0.0198 0-0.07 0.0356 0.0301 0-0.14 0.0278 0.0434 0-0.19 
India 0.0298 0.0283 0-0.11 0.0306 0.0240 0-0.08 0.0356 0.0299 0-0.11 0.0222 0.0254 0-0.10 
Indonesia 0.0030 0.0107 0-0.09 0.0058 0.0149 0-0.09 0.0040 0.0126 0-0.07 0.0010 0.0049 0-0.03 
Israel 0.0231 0.0412 0-0.18 0.0011 0.0063 0-0.05 0.0124 0.0233 0-0.12 0.0430 0.0544 0-0.18 
Mexico 0.0090 0.0252 0-0.18 0.0000 0.0000 0-0.00 0.0021 0.0076 0-0.05 0.0202 0.0367 0-0.18 
Peru 0.0278 0.0332 0-0.15 0.0486 0.0350 0-0.15 0.0379 0.0343 0-0.12 0.0091 0.0193 0-0.10 
Philippines 0.0011 0.0049 0-0.05 0.0078 0.0120 0-0.05 0.0004 0.0023 0-0.03 0.0000 0.0000 0-0.00 
Poland 0.0010 0.0065 0-0.06 0.0005 0.0039 0-0.03 0.0012 0.0064 0-0.05 0.0010 0.0072 0-0.06 
Russia 0.0142 0.0324 0-0.19 0.0003 0.0018 0-0.01 0.0091 0.0235 0-0.16 0.0246 0.0423 0-0.19 
South 
Africa 
0.0000 0.0003 0-0.01 0.0001 0.0008 0-0.01 0.0000 0.0003 0-0.00 0.0000 0.0000 0-0.00 
South 
Korea 
0.0092 0.0280 0-0.19 0.0000 0.0000 0-0.00 0.0081 0.0249 0-0.18 0.0131 0.0342 0-0.19 
Sri Lanka 0.0190 0.0245 0-0.09 0.0463 0.0181 0-0.08 0.0234 0.0243 0-0.09 0.0056 0.0165 0-0.07 
Taiwan 0.0080 0.0244 0-0.18 0.0095 0.0279 0-0.15 0.0112 0.0293 0-0.18 0.0036 0.0134 0-0.09 
Thailand 0.0012 0.0115 0-0.20 0.0040 0.0259 0-0.20 0.0009 0.0093 0-0.12 0.0007 0.0064 0-0.07 
Venezuela 0.0031 0.0079 0-0.04 0.0023 0.0081 0-0.04 0.0032 0.0075 0-0.04 0.0034 0.0083 0-0.04 
S&P 500 
0.8096 0.0349 0.8-1 0.8000 0.0000 0.8-0.8 0.8005 0.0041 0.8-
0.85 
0.8238 0.0525 0-0.8-1 
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Table 9 
OLS Regression Output for Ex-post Returns against Efficient Portfolio Dummy 
with Restricting the Maximum Investment in Each of the Emerging Markets to 3 
Percent 
 α 
(t-stat) 
β 
(t-stat) 
Adj. R2 
(F-stat) 
Obs. 
All portfolios 
One month -0.00036 
(0.76785) 
0.00104 
(1.54649) 
0.00124 
(2.3916) 
1320 
Three months -0.00062 
(2.37243)** 
0.00107 
(2.86999)* 
0.00644 
(8.2369)* 
1320 
Six months -0.00083 
(4.58027)* 
0.00104 
(4.03537)* 
0.01350 
(16.2842)* 
1320 
Low risk portfolios 
One month -0.00024 
(0.38157) 
0.00104 
(1.14583) 
0.00053 
(1.3129) 
720 
Three months -0.00056 
(1.58510) 
0.00111 
(2.19217)** 
0.00635 
(4.8056)* 
720 
 
Six months -0.00087 
(3.49863)* 
0.00113 
(3.18473)* 
0.01513 
(10.1425)* 
720 
High risk portfolios 
One month -0.00050 
(0.70783) 
0.00104 
(1.03817) 
0.00014 
(1.0778) 
600 
Three months -0.00068 
(1.77403)*** 
0.00101 
(1.85546)*** 
0.00467 
(3.4427)*** 
600 
Six months -0.00078 
(2.95845)* 
0.00094 
(2.49672)** 
0.00994 
(6.2336)** 
600 
*     Significant at 1% 
** 
  Significant at 5% 
***
 Significant 
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Table 10 
Weights of Individual Indices in Portfolios with Maximum 3 Percent Investment in each of the Emerging Markets 
All portfolios Minimum variance 
portfolio 
Low risk portfolios High risk portfolios  
Mean Std. 
dev. 
Min.- 
Max. 
Mean Std. 
dev. 
Min.- 
Max. 
Mean Std. 
dev. 
Min.- 
Max. 
Mean Std. 
dev. 
Min.- 
Max. 
Argentina 0.0170 0.0136 0-0.03 0.0254 0.0100 0-0.03 0.0199 0.0125 0-0.03 0.0124 0.0136 0-0.03 
Brazil 0.0114 0.0141 0-0.03 0.0145 0.0140 0-0.03 0.0119 0.0142 0-0.03 0.0101 0.0140 0-0.03 
Chile 0.0232 0.0122 0-0.03 0.0295 0.0039 0-0.03 0.0289 0.0052 0-0.03 0.0164 0.0144 0-0.03 
Columbia 0.0198 0.0136 0-0.03 0.0295 0.0039 0-0.03 0.0258 0.0091 0-0.03 0.0120 0.0143 0-0.03 
Czech 0.0269 0.0088 0-0.03 0.0294 0.0040 0-0.03 0.0288 0.0058 0-0.03 0.0246 0.0111 0-0.03 
India 0.0282 0.0069 0-0.03 0.0295 0.0039 0-0.03 0.0294 0.0043 0-0.03 0.0268 0.0089 0-0.03 
Indonesia 0.0133 0.0142 0-0.03 0.0207 0.0099 0-0.03 0.0135 0.0141 0-0.03 0.0113 0.0145 0-0.03 
Israel 0.0267 0.0092 0-0.03 0.0273 0.0082 0-0.03 0.0272 0.0085 0-0.03 0.0260 0.0099 0-0.03 
Mexico 0.0240 0.0109 0-0.03 0.0233 0.0109 0-0.03 0.0240 0.0107 0-0.03 0.0242 0.0112 0-0.03 
Peru 0.0249 0.0108 0-0.03 0.0295 0.0039 0-0.03 0.0285 0.0060 0-0.03 0.0205 0.0134 0-0.03 
Philippines 0.0159 0.0143 0-0.03 0.0292 0.0044 0-0.03 0.0190 0.0130 0-0.03 0.0099 0.0140 0-0.03 
Poland 0.0215 0.0127 0-0.03 0.0286 0.0057 0-0.03 0.0258 0.0092 0-0.03 0.0159 0.0142 0-0.03 
Russia 0.0114 0.0119 0-0.03 0.0073 0.0110 0-0.03 0.0102 0.0118 0-0.03 0.0135 0.0120 0-0.03 
South 
Africa 
0.0218 0.0128 0-0.03 0.0295 0.0039 0-0.03 0.0278 0.0068 0-0.03 0.0145 0.0143 0-0.03 
South 
Korea 
0.0152 0.0132 0-0.03 0.0178 0.0102 0-0.03 0.0150 0.0125 0-0.03 0.0148 0.0143 0-0.03 
Sri Lanka 0.0225 0.0125 0-0.03 0.0295 0.0039 0-0.03 0.0286 0.0055 0-0.03 0.0152 0.0145 0-0.03 
Taiwan 0.0241 0.0112 0-0.03 0.0290 0.0054 0-0.03 0.0282 0.0063 0-0.03 0.0190 0.0134 0-0.03 
Thailand 0.0131 0.0141 0-0.03 0.0208 0.0115 0-0.03 0.0128 0.0138 0-0.03 0.0115 0.0143 0-0.03 
Venezuela 0.0217 0.0118 0-0.03 0.0277 0.0056 0-0.03 0.0253 0.0082 0-0.03 0.0171 0.0138 0-0.03 
S&P 500 0.6174 0.1670 0.43-1 0.5220 0.0881 0.43-1 0.5695 0.1205 0.43-1 0.6840 0.1908 0.43-1 
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Figure 1: Average Correlations of Emerging Market Returns with S&P 500 Index Returns
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